In this work, soft modeling based on chemometric analyses of coffee beverage sensory data and the chromatographic profiles of volatile roasted coffee compounds is proposed to predict the scores of acidity, bitterness, flavor, cleanliness, body, and overall quality of the coffee beverage. A partial least squares (PLS) regression method was used to construct the models. The ordered predictor selection (OPS) algorithm was applied to select the compounds for the regression model of each sensory attribute in order to take only significant chromatographic peaks into account.
Introduction
In Brazil, the criteria used to classify coffee beans includes physical aspects, such as size, color, and the presence of defects in the beans, and the sensorial characteristics of the beverage itself [1] . The International Organization for Standardization (ISO) presents some norms assigned to composition, defects, bean type and format, and color, as well as characteristics after roasting and the sensorial cup profile [2] .
Despite physical aspects, the most important quality criteria used for assessing Brazilian Arabica coffees is cup tasting or classification by beverage type. However, such tests are often criticized due to their subjectivity, besides the long time consumed to perform the sensorial analysis and the scarcity of experts [3, 4] . In order to circumvent these limitations, specialists and scientists are searching worldwide for alternatives using different analytical techniques whose results could be related to coffee cup quality [5] [6] [7] [8] [9] .
In this regard, the identification of chemical markers associated with sensory attributes of the coffee beverage becomes a viable alternative in the search for an objective and less timeconsuming analytical method [8, 9] . Furthermore, it is well known that aroma is one of the most important attributes of the coffee beverage. Thus, it has recently been highly valued and widely used to discriminate high-quality coffees [6, 8, 10] .
In this paper, several sensorial properties of Arabica coffee are predicted by the proposed PLS models, based on analytical data, obtained by solid phase microextraction-gas chromatographic analysis (SPME-GC), and sensory evaluations by experts. Initial results relating chromatographic profiles to sensorial data have recently been published [8] and were so encouraging that the work was extended to improve the correlation between chromatographic data and sensory analysis, to introduce more attributes, such as acidity and bitterness, and to identify the significant volatile compounds related to each PLS model.
Materials and methods

Coffee samples
Fifty-three green Arabica coffee samples with different beverage characteristics were roasted separately in a gas-fired drum roaster (Pinhalense S/A Má quinas Agrícolas, Brazil) to the medium roasting point (Agtron #55-according to the SCAA roast color classification system). The roasted coffee samples were packed in special plastic films (polystyrene and polyethylene) and aluminum foil to avoid loss of aroma and contamination from external substances. The samples were stored at À 5 1C for a maximum of 3 h before being ground in a mortar and analyzed.
Sensory analysis
The coffee samples for cupping were prepared using 10 g of roasted and ground coffee in 100 mL of hot water [11] . The cup quality was assessed according to acidity, bitterness, flavor, cleanliness (clean cup), body (mouthfeel) and overall quality. The quality and intensity of each attribute were evaluated simultaneously using a scale varying from 1 to 5, as presented in Ribeiro et al. [9] .
All the samples were submitted to a sensory evaluation by five experts. A 2-way ANOVA with all the scores of the five experts and a paired t-test between each expert (10 tests for each attribute) was able to verify the experts who did or did not clash for each attribute under consideration. Experts who had high variance in relation to others were removed and averages were used as ''main scores'' for the six attributes that were built using only the attributes from the experts who had similarity.
Thus, for each attribute score, 1 was conferred for a very low quality (meaning a more intense perception in the case of an undesirable sensation or a less intense perception if it was a desirable sensation). When acidity is analyzed, for example, 1 may refer either to low acidity or to high and undesirable acidity, such as that due to microbial fermentation. Thus, acidity with score 1 is worse than acidity with score 5. On the other hand, when bitterness was evaluated, a score of 1 referred to a bitterer beverage than one that received a score of 5. In this case, score 5 was awarded to a beverage with normal and pleasant bitterness [9] .
The scales were arbitrarily defined, and the diversity of the samples was considered regarding each attribute in order to define them. Thus, according to the experts, the scores for body, acidity, and bitterness of the samples varied between low, normal, and high, while the diversity for overall quality, flavor, and cleanliness was much higher. This happens because small differences in the intensity of the latter attributes could be easily perceived by the experts. On the other hand, acidity, bitterness, and body possess only three distinct points (low, normal, highyweak, regular, strong).
2.3. SPME devices and CG-FID parameters SPME fibers coated with 65 mm thick polydimethylsiloxane/divinylbenzene (PDMS/DBV) and the manual holder were purchased from Supelco (Bellefonte, PA). The fibers were conditioned according to the SPME data Sheet (T7941231) from Supelco in the GC injector port. The analyses were performed on a G-6850 GC-FID system (Agilent, Wilmington, DE) fitted with a HP-5 capillary column Washington, DC, USA) . Also, comparisons were made with earlier reports on the volatile compounds of roasted coffee [8, 12] .
General SPME procedure for sampling and injection
The conditions adopted for the SPME extractions were chosen according to the optimization found in Ribeiro et al. [12] . Ground coffee (250 mg) and 2 ml of saturated aqueous sodium chloride solution were transferred to a septum-sealed glass sample vial (5 mL). After 10 min of sample/headspace equilibration under agitation of 900 rpm at 42.5 1C, the fibers were exposed to the sample headspace for 22 min. After sampling, the fiber was immediately placed in the injection port of the GC, and the analytes were thermally desorbed at 220 1C. All analyses were carried out in triplicate.
Chemometric data treatment
The original chromatographic profiles were organized into a matrix format X (I Â J), where each replicate represented one sample. Data analysis was carried out using Matlab 6.5 software (The MathWorks, Co., Natick, MA, USA) using the computational package PLS_Toolbox (Eigenvector Research, Inc.-PLS_Toolbox version 3.02) [13] .
The data analysis was performed using the entire chromatogram, as with an infrared spectrum, and not using relative peak areas. Five different pretreatments were applied to the matrix X of chromatograms; these pretreatments are described in Ribeiro et al. [8] . Variable selection was carried out by the ordered predictors selection (OPS) method [14] .
Partial least squares (PLS) was the regression method used for modeling. More information on the regression method can be found in Ferreira et al. [15] and Ribeiro et al. [8] . 
Results and discussions
Mass detections of volatile compounds
Four different samples with distinct sensorial characteristics were analyzed by mass spectrometry for volatile compound identifications. In these analyses, more than 260 compounds were detected. Table 1 presents only the 115 used in one or more PLS regression models as important peaks for predicting the sensory attributes. Table 1 also shows the fragmentation of the compounds, the math number, and the model used.
Pre-treatment of the chromatographic data
Initially, the chromatograms of the original Arabica coffee samples were obtained in triplicate and overlaid (Fig. 1) . In Fig. 1 , and in its expanded region, it can be seen that the original data needed pre-treatment, such as peaks alignment (B) and baseline correction (C) before the construction of the PLS models. Thus, subsequent calculations were performed with the pretreated data matrix (X p ).
Regression models
To build the regression models for the six sensory attributes (acidity, bitterness, flavor, cleanliness, body, and overall quality), the mean values of the notes indicated by the cuppers were used as the dependent variables (y) and 159 chromatograms referring to 53 Arabica coffee samples were used as independent variables (matrix X).
The calibration sets consisted of 43 randomly selected samples (129 chromatograms). The 10 remaining samples, corresponding to 30 chromatograms, were used to form the external validation set. Leave five out cross-validation was the method used to select the number of components in the models. In this case, three replicates of five samples were left out at a time.
The variable selection for the construction of the models was carried out by the OPS method in the pretreated data matrix (159 Â 20640) without baseline regions. In this way, from an initial set of 20,640 variables, 1732 were selected for the construction of the acidity model (A), 1515 for bitterness (B), 2783 for flavor (C), 1902 for cleanliness (D), 2223 for body (E), and 2179 for overall quality (F). These variables are indicated as vertical lines in Fig. 2 .
When building the PLS models, the leverage vs. Student residuals plot was examined for outlier detection. For all the six sensory attributes investigated, a few replicates presented high values of leverage, while others had high values of residue. However, since no replicates presented high values of leverage and residue simultaneously, no sample was considered atypical. Table 2 shows the number of latent variables selected for each sensory attribute prediction model and the respective statistical parameters of root mean square error of calibration, root mean square error of cross validation (RMSECV) and correlation coefficient of cross validation (r cv ).
Using the number of latent variables (Table 2) for all the calibration models, it was possible, in general, to describe 95% and 45% of the variance used in blocks Y and X, respectively. The models were validated by the external data set (10 samples). Fig. 3 shows the experimental values for each sensory attribute vs. the respective values estimated from cross validation. The predicted values for the external validation samples were also included in this figure to show that they are in the same range as the other samples. The values supplied by the experts, compared to those predicted by the PLS models for the 10 samples used in the external validation step, are shown in Table 3 . The RMSEP (root mean square error of prediction) values were 0.27 for acidity, 0.33 for bitterness, 0.33 for flavor, 0.41 for cleanliness, 0.34 for body and 0.35 for overall quality. The literature describes approximately 900 volatile compounds found in coffee [16] . These descriptions have been made since 1880, when Bernheimer identified the first volatile compound from roasted coffee [17] .
In a particular volatile chromatographic analysis from a roasted coffee sample, the amount of compound may be smaller or larger than in another sample. This is due to several factors, mainly coffee species, region in which it was grown, processing method, roasting degree, extraction time, and extraction method.
Since the SPME technique used for volatile extraction is based on fibers with different sorbent materials (polar and nonpolar), it is expected that the compounds extracted by a given fiber are those that have more affinity for it.
According to the literature [18] , the fiber used in this work, PDMS/DVB, is optimal for the efficient extraction of volatile Fig. 3 . Plots of measured versus predicted samples in calibration (J) and prediction ( ) sets. Acidity (A), bitterness (B), flavor (C), cleanliness (D), body (E) and overall quality (F).
organic compounds (in the range of C2-C12) with intermediate polarity, such as nitro/amines, and some aldehydes and ketones, among others. Thus, hydrocarbons, carboxylic acids and alcohols are less extracted by this coating. Based on these aspects, the discussion of the compounds that were important for the construction of the regression models is restricted to volatile compounds extracted by the fiber used and detected by mass spectrometry.
Given that the overall quality of the roasted coffee depends on various sensory attributes (such as flavor, acidity, and body, among others) it is expected that some compounds indicated in Table 1 are important for most sensory attributes evaluated. 106 and 108) . Therefore, 34% of the peaks were selected for at least four regression models, showing that most of these compounds are important in providing these sensorial features.
However, sensorial analysis, according to experts, describes a much closer relationship between the attributes flavor, cleanliness, and overall quality. Thus, it is expected that a coffee well evaluated in terms of overall quality generally presents a high evaluation of cleanliness and flavor. This can be seen in Fig. 2 , where 33 selected volatile compounds are part of the regression models of the three attributes.
Most of the compounds indicated in Table 1 for overall quality, flavor, and cleanliness in PLS models are cited in Ribeiro et al. [10] as important markers for discriminating coffee samples by Principal Component Analysis. Among them are pyrrole, 1-methyl pyrrole, 2,4-hexanedione, dihydro-2-methyl-3(2H)-furanone, furfural, 2-ethyl-5-methylpyrazine, 2-ethenyl N-methylpyrazine, and 5-methyl 2-propionylfuran.
Among the compounds selected to calibrate flavor, five of them are cited in the literature as potent odorants for roasted coffee (3-methylbutanal, 2,3-pentanedione, 4-vinylguaiacol, methanethiol and 1-methyl pyrrole) [19, 20] . The compounds 3-methylbutanal, 2,3-pentanedione and 4-vinylguaiacol are found in high quality roasted coffees [10] , while a greater amount of methanethiol is found in low-graded roasted coffees [10] . According to Agresti et al. [6] and Ribeiro et al. [10] 1-methyl pyrrole was found in coffees containing defective beans, bringing negative notes to the flavor attribute.
The PLS model constructed for overall quality confirmed some of the results presented in Ribeiro et al. [8] . Wherein the compounds furfural and 5-methyl-2-furancarboxyaldehyde appear as potential positive markers of this attribute, pyridine and ethenyl pyrazine indicate low quality beverages.
The four PLS models constructed in Ribeiro et al. [8] were reconstructed in this work with new samples and experts and the similar results obtained have increased the reliability of the correlation between coffee volatiles and quality attributes.
Comparing the PLS models based on NIR spectroscopy [9] with those created by chromatographic data, it can be noted that the PLS models from chromatographic data have better prediction power (low RMSECV and RMSEP). However, it is known that NIRS and SPME-GC are different analytical techniques that provide complementary chemical information. The advantage of SPME-GC is the fact that one can focus on pre-selected volatile compounds and, by using their intensity ratios, infer about the quality of new coffee samples.
Conclusions
The PLS regression models generated from the chromatographic profiles of roasted Arabica coffee volatiles adequately predicted the notes of acidity, cleanliness, overall quality, bitterness, body, and flavor of the beverage. This work confirmed previous results, showing a high linear relationship between the marks awarded by judges for sensory attributes and volatile compounds found in certain flavor profiles of roasted Arabica coffees. These results, together with the previous ones, show the reliability of using gas chromatography in the monitoring of several important sensory attributes related to quality of coffees from Brazil and other coffee-producing countries.
The prediction errors of these models, using 4 or 5 latent variables, were equal to 0.28, 0.33, 0.35, 0.33, 0.34, and 0.41, for each of the attributes and are better than those published and compatible with the scoring errors among experts.
In the case of the PLS models for the two new attributes studied, it should be mentioned that the compounds 2-methyl butanal, 3-methyl pyridazine, 2,3-hexanedione, and furfuryl methyl ether are important for coffee acidity, while compounds such as furfuryl formiate, ethyl pyrazine, 4-pyridazinamide, and n-methyl phenol are important in bitterness prediction.
